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Abstract—This paper introduces two lightweight variants of
ISPO, a Single Particle Optimization algorithm recently proposed
in the literature. The goal of this work is to improve upon
the performance of the original ISPO, still bearing in mind its
admirable algorithmic simplicity. The first variant, namely ISPO-
restart, combines in a memetic fashion the logics of ISPO with
a partial restart mechanism similar to the binomial crossover
typically used in Differential Evolution. The second variant,
named VISPO, builds on top of the restart process a very simple
learning stage which tries to adapt the algorithm behaviour to
the (non)-separability of the problem. Numerical results obtained
on three complete optimization benchmarks show that not only
the two algorithms are able to improve, incrementally, upon the
performance of ISPO, but also they show respectable performance
in comparison with modern complex state-of-the-art methods,
especially when the problem dimensionality increases.

I. INTRODUCTION

The increasing complexity of optimization problems led,
in recent years, to an increase in complexity of optimiza-
tion methods. Challenges in optimization can be due to the
large scale nature of some applications, highly multi-modal
landscape, ill-conditioning, non-separability of the objective
function (especially if associated to a high dimensionality),
etc. In order to tackle these issues, modern algorithms often
make use of sophisticated techniques such as multiple local
search activations [1], machine learning structures [2], coordi-
nated/simultaneous action of multiple paradigms, see [3], [4],
and [5], sampling from distributions to coordinate different
search logics [6], and an archive [7].

As highlighted in [8] and [9], the complexity in algorithmic
design often pays off with an increase in the memory re-
quirements and computational overhead. In addition, complex
algorithms are hard to control and adapt to new optimization
scenarios since the effect of each operator is likely to be un-
clear. Most importantly, the complexity of modern algorithms
is not always rewarded with a high performance. Conversely,
the two memetic structures proposed in [8] and [9] have shown

how a simplistic approach can easily be as good as (if not
better than) modern algorithms composed of multiple parts
and making use of sophisticated coordination schemes.

In this light, the authors propose, while performing the
algorithmic design, a bottom-up strategy that ensures the un-
derstanding of the role and action of each operator, see [8] and
[9]. If we consider Memetic Computing (MC) approaches as
structured collection of heterogeneous (and diverse) operators,
the design of an optimization algorithm coincides with the
design of a MC approach. The present paper, in a memetic
fashion, and making use of the law of simplicity in MC stated
in [8], revisits an algorithm recently proposed in [10], namely
Intelligence Single Particle Optimization (ISPO), and enhances
upon its performance without including any major complexity
to the original scheme.

The ISPO algorithm is characterized by a very simple struc-
ture that randomly perturbs each variable at once. Although
this search logic appears to be effective only for separable
problems, ISPO appears to be able to display a respectable
performance also in non-separable cases, see [10] and [11].
In this paper, we propose a first enhancement of the ISPO
scheme by including a simple restart logic, then we propose
an ISPO variant that adapts (in an extremely simplistic way),
the number of perturbations at each step of the optimization
process.

The remainder of this paper is organized in the following
way. Section II describes the ISPO structure, its variant em-
ploying a restart mechanism and the proposed variant employ-
ing restart and learning mechanism. The latter ISPO variant is
here referred to as Very Intelligent Single Particle Optimization
(VISPO). Section III displays, on a set of diverse problems,
the performance of the proposed approach with respect to that
of the original ISPO and that of modern popular population-
based algorithms. Finally, Section IV gives the conclusion of
this study.



II. ALGORITHMIC DESIGN
A. Original ISPO

The original ISPO, proposed in [10], can be considered
as a “degenerate” PSO algorithm which explores the search
space using a single n-dimensional particle x, rather than an
actual swarm. At the beginning of the optimization, the particle
is initialized with a random point in the search space. At
each step of the algorithm, the following operations are then
performed. For each i-th variable of x, a learning factor L is
initialized to zero. Then the i-th variable is perturbed H times:
for each t-th perturbation (¢t = 1,2,... H), a velocity factor
v, computed as:

v=A/t" rand(-0.5,0.5)+ B - L' (1)

is added to the previous value of the i-th variable, as in a
“standard” PSO (x; = x; + v). Parameters A, P, and B
are the acceleration, acceleration power factor, and learning
coefficient, respectively. We indicate with rand(z, y) a random
number drawn from a uniform distribution in [z,y]. After
the i-th variable is perturbed, the fitness of the new particle
is calculated and compared with the fitness prior to the
perturbation. If an improvement has been achieved (or the
perturbed solution has the same fitness of the original particle),
the learning factor is updated as L = v, otherwise it is reduced
by means of a shrinking factor Sy: L = L/Sy. If L becomes
smaller than a precision value ¢, then it is reinitialized to zero.
For the sake of clarity, the pseudo-code of ISPO is shown in
Fig. 1, where the stop criterion is intentionally left unspecified
(it can be e.g. a condition on the number of fitness evaluations,
a maximum computational time, etc.).

1: initialize particle x

2: initialize A, P, B, Sy, ¢, H

3: while stop criterion is not met do

4. fori=1—ndo

5: L=0

6 fort=1— H do

7 save old position z0?* = ;

8 calculate v according to eq. (1)
9 update position z; = z; +v

10: calculate fitness f(x)

11: if fitness improvement then

12: use velocity as learning factor L = v
13: else

14: if L # 0 then

15: adjust learning factor L = L/S§
16: end if

17: if L < ¢ then

18: L=0

19: end if

20: restore old position z; = xb*

21: end if

22: end for

23:  end for
24: end while

Fig. 1. ISPO pseudo-code

Despite its simplicity, ISPO has proven to be competitive
on numerous benchmark functions characterized by different

properties. On the other hand, the main limitation of ISPO
is its intrinsic exploitation pressure which is not properly
counterbalanced by exploration. Additionally, according to
[10] the parameters A and P are heavily problem-dependent
and finding a proper setting is far from being a trivial task.

In order to overcome these limitations, we propose here
two minor modifications of ISPO, i.e. a simplification of the
update eq. (1), and the introduction of two simple mechanisms,
namely restart an learning, in the original structure.

B. First variant: ISPO-restart

The first variant we propose, namely ISPO-restart, intro-
duces two novelties in the original ISPO structure. The first
one relates to the acceleration A used in eq. (1), which as said
is problem-dependent. In ISPO-restart, rather than using the
same, fixed value of A for all the decision variables, we use
a different value of acceleration for each i-th variable. Each
component A; of the acceleration is initialized to the width
of the search space along that dimension (ub; — [b;, where [b;
and ub; are, respectively, the lower and upper bounds for the i-
th variable). This way each dimension is exploited differently,
proportionally to the width of search space along it.

The second, more important modification introduced in this
variant is the restart mechanism. As shown in Fig. 2, this
mechanism adopts a logics similar to the binomial crossover
used in Differential Evolution [12]. More specifically, when-
ever the restart is activated (see below), a dynamically adapting
crossover rate C'R is computed based on the current and
maximum number of fitness evaluations, respectively n.,q; and
Neyar- The crossover rate is updated in such a way that it takes
its maximum value at the beginning of the optimization, and
decreases during the next stages. As it will be clear in the
following, this mechanism promotes a stronger exploration at
first, and favors gradually the exploitation later on.

Once C'R has been computed, for each i-th variable of the
current best particle a uniform random number = in [0,1] is
generated and compared with it. If » < C'R, the i-th variable
is re-sampled within its bounds; otherwise it will retain its
original value. The modified particle x* is then evaluated,
and, in case of fitness improvement, it is copied into the
current best particle. The latter is finally passed to the next
step of the algorithm, and the process continues until a stop
condition is met. The pseudo code of ISPO-restart is shown
in Fig. 3. As a final remark, it should be noted that the
restart is activated based on a predetermined threshold on the
fitness improvement: if a “macro-iteration” of ISPO (see Fig.
3) produces a relative fitness improvement smaller than the
threshold, a partial re-sampling of the particle is attempted.

The idea behind ISPO-restart is simple: compared to ISPO,
it introduces a restart mechanism which tends to re-sample
the current particle when ISPO is not able to improve enough
upon it. This re-sampling mechanism guarantees a better trade-
off between exploration and exploitation in two ways: on
one hand, it retains parts of the current particle (rather than
sampling a completely new solution), thus preserving part of
the previous achievements; on the other, the adaptive crossover
rate adjusts the amount of variables which are inherited from
the original particle.



save current best particle x
adaptive crossover rate C R = [(Neyal — Nevat)/Nevai]?
for i =1—ndo
if rand(0,1) < CR then
xf = rand(lb;, ub;)
else
T =
end if
end for
if f(x*) < f(x) then
X = x*

. end if
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Fig. 2. Restart pseudo-code

initialize particle x
initialize P, B, Sy, €, H, threshold
fori=1—n do
initialize A; = (ub; — 1b;)
end for
while stop criterion is not met do
/I original ISPO
save current best fitness f;
execute a step of ISPO (Fig. 1, lines 4-23)

R A A S

10:  save current best fitness fo

11:  // restart

12 if (f1— f2)/f1 < threshold then
13: perform restart as in Fig. 2

14:  end if
15: end while

Fig. 3. ISPO-restart pseudo-code

C. Second variant: VISPO

The second ISPO variant we propose here, namely VISPO
(standing for Very Intelligent Single Particle Optimization),
represents a further development of the ISPO concept. In
this variant, on top of the re-sampling mechanism introduced
in ISPO-restart, we build a minimalistic learning process
which tries to adapt the algorithmic behaviour to the level of
separability of the optimization problem at hand. Additionally,
the update equation (1) used in ISPO and ISPO-restart is
further simplified in order to reduce the number of parameters
required.

With reference to Fig. 4, which shows the pseudo-code
of VISPO, the algorithm consists of the following. Similar to
ISPO-restart, a parameter A; is initialized for each variable to
the width of the search space along that dimension. Also, the
same restart mechanism introduced in ISPO-restart is used to
re-sample the particle when a macro-iteration of the algorithm
does not produce any improvement. In this case the trigger
condition for the restart is more restrictive, though, as the
fitness threshold is set to zero.

During each macro-iteration, as seen before each i-th
variable is perturbed H times, where H is a parameter of the
algorithm. However, in VISPO the initial velocity is calculated
before applying the H perturbations. Furthermore, the velocity
update rule is simpler than that one used in the two previous
algorithms:

v =A; - rand(—0.5,0.5). )

The velocity v is then added to the i-th variable z; and the
perturbed solution is evaluated. In case the particle prior to the
perturbation was better than the perturbed one, the velocity v
is halved. This way incrementally smaller perturbations are
attempted. On the other hand, if the perturbation produces a
fitness improvement, the same velocity is used for the next
perturbation and a counter s (“success”), which is initialized
to zero at the beginning of the optimization, is incremented.

The counter s is used, after L P (learning period) “macro-
iterations” (consisting of n x H trials), to learn, empirically, the
level of separability of the fitness function. More specifically,
if the quantity s/(n - LP) is smaller than a given threshold,
the number of perturbations H which will be applied in the
next stages of the algorithm is set to one, otherwise the initial
value of H is retained.

This mechanism can be explained as follows. If the per-
centage of successful perturbations, averaged over the problem
dimension n and the number of learning periods L P, is smaller
than a threshold, then the problem can be considered, with
some degree of approximation, non-separable. In this case it
makes sense to attempt, in later stages of the algorithm, a
single perturbation for each dimension. On the other hand, if
this percentage is bigger than the given threshold (meaning
that during the learning periods an averagely high number of
successful perturbations was obtained per each variable) the
level of separability of the problem can be considered higher.
Thus it is worthwhile to keep on trying multiple perturbations
per dimension, aiming at exploiting the separability of the
fitness function.

The mechanism described above is as said rather mini-
malistic, and based on empirical rules. It represents a simple
attempt to implement a learning rule which is able to determine
the level of separability of a given fitness function. More
complex and rigorous methods can be envisioned and are
currently under investigation, with the final goal of creating an
intelligent agent capable of automatically design an algorithm
based on the characteristics of the optimization problem at
hand. Still, despite the simplicity of the mechanism imple-
mented in VISPO, numerical results, discussed in the next
section, show that it provides a large performance improvement
with respect to ISPO and ISPO-restart.

III. NUMERICAL RESULTS

In order to assess the scalability of the the two proposed
variants of ISPO, ISPO-restart and VISPO have been tested, to-
gether with the original ISPO implementation, on two complete
benchmarks used in Computational Intelligence Optimization,
namely:

e CEC 2005 [13] (25 test functions, with n = 30);
e BBOB 2010 [14] (24 test functions, with n = 100);
e CEC 2010 [15] (20 test functions, with n = 1000).

Thus 69 fitness functions have been tested in total, with a
dimensionality ranging from 30 to 1000. The three ISPO-
based algorithms have also been compared with the following
algorithms:



initialize particle x

1:

2: initialize LP, H, threshold

3: fort=1—ndo

4:  initialize A; = (ub; — 1b;)

5: end for

6: initialize s =0

7: initialize k = 0

8: while stop criterion is not met do
9:  // modified ISPO

10:  save current best fitness f

11: fori=1—ndo

12: calculate v according to eq. (2)
13: fort=1— H do

14: save old position z0?* = z;
15: update position z; = x; + v
16: calculate fitness f(x)

17: if fitness improvement then
18: s=s5+1

19: else
20: adjust learning factor v = v/2
21: restore old position z; = x?%*
22 end if
23: end for
24:  end for
25 save current best fitness fo
26: /[ learning complete
27:  if k == LP then
28: if s/(n- LP) < threshold then
29: H=1
30: end if
31:  end if
32: /[ restart
33:  if (f1 — f2) == 0 then
34: perform restart as in Fig. 2
35 end if
36: k=k+1

37: end while

Fig. 4. VISPO pseudo-code

e  Comprehensive Learning Particle Swarm Optimizer
(CLPSO) proposed in [16] with population size equal
to 60 individuals;

e  Adaptive Differential Evolution (JADE) proposed in
[7] with population size equal to 60 individuals, group
size factor p = 0.05 and parameters adaptation rate
factor ¢ = 0.1;

which belong to the state-of-the-art continuous optimization
methods. The parameter setting for both CLPSO and JADE
was chosen following the suggestions in the original papers
where the two algorithms have been presented.

As for ISPO, it was executed with A =1, P =10, B = 2,
Sp=4,e= 10~2, H = 30. The same parameter setting was
chosen also for ISPO-restart, except that A in this case was
initialized with respect to the search space bounds; the restart
threshold was set to 0.01. It should be noted that the values
of B, S, € and H are those suggested in [10], while for
A and P (which as said are problem-specific) we performed
a parameter tuning on the selected benchmarks and picked
the values showing the best performance trade-off at various

dimensionalities. Finally, VISPO was executed with int LP =
10, H = 30 and learning threshold 0.65: also in this case we
chose the parameters producing the best overall performance
on the benchmarks under analysis.

For each test function composing the aforementioned
benchmarks, each algorithm has been executed 100 times in
order to draw meaningful statistical conclusions. Each run was
continued for 5000 X n fitness evaluations, being n the problem
dimension. All the experiments were coded in Java using the
distributed platform Kimeme [17].

We should also remark that all the algorithms analysed in
this study make use of a toroidal handling of the search space
bounds: in other words, if x; exceeds its upper bound ub; by
a quantity ¢ (x; = ub; + (), the replacement x; = [b; + (
occurs. A similar mechanism is applied when z; exceeds its
lower bound.

Numerical results in this section are organized into two
groups. In the first group, the performance of the three ISPO
variants are compared, see Table I, II, and III respectively for
CEC 2005, BBOB 2010 and CEC 2010 benchmarks. In the
second group, the most promising ISPO variant, i.e. the VISPO
algorithm, is compared against CLPSO and JADE, see IV, V,
and VI respectively for CEC 2005, BBOB 2010 and CEC 2010
benchmarks.

Each table displays, for each test problem, the average
(over the 100 runs available) final fitness =+ standard deviation.
In order to strengthen the statistical significance of the results,
for each test problem the Wilcoxon Rank-Sum test [18] has
been also applied, with a confidence level of 0.95. The
symbols “=" and “+” (“-”) indicate, respectively, a statistically
equivalent performance and a better (worse) performance of

VISPO compared with the algorithm in the column label.

The comparison among the ISPO variants shows that
VISPO displays on average the best performance throughout
the three test-beds at the three different dimensionality values.
VISPO systematically out-performs the original ISPO on all
the three benchmarks, particularly in 30 and 100 dimensions.
In the 1000-dimensional case, ISPO is slightly better than
VISPO only on some unimodal functions (f1, f1, fo, f14),
while in the other cases VISPO improves upon it. Similar
considerations can be done on the comparison between VISPO
and ISPO-restart, which in turns proves slightly superior to
ISPO especially in 30 and 100 dimensions. A particularly
interesting case is shown in Fig. 5, where VISPO converges
toward the optimal solution within the first 105 functional calls,
while ISPO and ISPO-restart are unable to solve the problem.

As for the comparison with CLPSO and JADE, we can
notice that, on the CEC 2005 benchmark in 30 dimensions,
VISPO displays a respectable performance both with respect
to CLSPO and SADE. To highlight the importance of this
result, it should be remembered that CLSPO and SADE, which
are considered among the state-of-the-art in optimization,
were specifically tuned for this benchmark. Especially the
comparison with CLPSO, which is a rather complex PSO
algorithm, shows that the simple structure of VISPO performs
better in 15 cases out of 25. On the other hand, the comparison
with JADE shows a substantially equivalent performance (12
“+” and 13 “-”). This situation is reversed when the problem
dimensionality increases, especially in 100 dimensions, where



TABLE VIIL. HOLM TEST ON THE FITNESS, REFERENCE ALGORITHM =

VISPO (RANK = 3.42E+00)

2500
7 [ Optimizer [ Rank [ zj Dj 0/j [ Hypothesis
VISPO2 | CLPSO | 3.01e+00 | -1.85e+00 | 3.24e-02 | 5.00e-02 | Rejected
2000¢ —VISPO
““““ ISPO-restart
VISPO performs better than JADE, particularly on separable o0,y "7 ISPO

and unimodal functions, and shows the same performance
as CLPSO. A similar trend can also be observed in 1000
dimensions, where once again the simplicity of VISPO is able
to deal with the curse of dimensionality at least as well as
the complex structures of CLPSO and JADE. An example of
this trend is displayed in Fig. 6, which compares the fitness
trend of the three algorithms under investigation on the sphere
problem in 1000 dimensions.

In addition to the results presented above, the ranking
among all the algorithms considered in this article has been
performed by means of the Holm-Bonferroni procedure, see
[19] and [20], for the 5 algorithms under study and the 69
problems under consideration. The Holm-Bonferroni proce-
dure consists of the following. Considering the results in
the tables above, the 5 algorithms under analysis have been
ranked on the basis of their average performance calculated
over the 69 test problems. More specifically, a score R; for
i=1,..., N4 (where N4 is the number of algorithms under
analysis, N4 = 5 in our case) has been assigned. The score
has been assigned in the following way: for each problem,
a score of 5 is assigned to the algorithm displaying the best
performance, 4 is assigned to the second best, 3 to the third and
so on. The algorithm displaying the worst performance scores
1. For each algorithm, the scores obtained on each problem
are summed up averaged over the amount of test problems
(69 in our case). On the basis of these scores the algorithms
are sorted (ranked). With the calculated R; values, VISPO has
been taken as a reference algorithm. Indicating with Ry the
rank of VISPO, and with R; for j =1,..., N4 — 1 the rank
of one of the remaining eleven algorithms, the values z; have
been calculated as z; = (R; — Ro)/\/(Na(Na +1)/(6Nrp)
where Npp is the number of test problems in consideration
(N7p = 69 in our case). By means of the z; values, the
corresponding cumulative normal distribution values p; have
been calculated. These p; values have then been compared
with the corresponding 6/j where § is the level of confidence,
set to 0.05 in our case. Table VII displays the ranks, z;
values, p; values, and corresponding J/; obtained in this way.
The rank of VISPO is shown in parenthesis. Moreover, it is
indicated whether the null-hypothesis (that the two algorithms
have indistinguishable performances) is “Rejected”, i.e. VISPO
statistically outperforms the algorithm under consideration, or
“Accepted” if the distribution of values can be considered the
same (there is no out-performance).

The Holm-Bonferroni procedure in Table VII shows that
VISPO displays the best performance, thus outperforming the
other ISPO variants as well as CLPSO and JADE. This allows
us to conclude that VISPO is a valuable algorithm that can
be used in various contexts. The importance of the proposed
algorithm is not only due to its simplicity but also due to
its modest overhead and memory requirements. This features
makes VISPO an appealing scheme for problems characterized
by a modest hardware, see [21], [22], and [23].
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Fig. 5. Average fitness trend of ISPO and its variants for f4 from BBOB
2010 [14] in 100 dimensions.

11
2_5x 10 ‘ :
—VIsPo | x10
of | JADE “a‘ 6.145766795E+05
--CLPSO
o
=] ’0,’
E 15 2 /’/'%/.,,
% ./././.’m
g 1} 02.79635958016E—10\:-,. |
i Y 4.8 5
05| *. x 10°
00 1 2 3 4
Fitness functional call 6

x 10

Fig. 6. Average fitness trend of VISPO against population-based algorithms
for f1 from CEC 2010 [15] in 1000 dimensions.

IV. CONCLUSION

In this paper we presented two simple variants of ISPO,
a Simple Intelligence Single Particle Optimization algorithm
known from the literature and especially suitable for hardware-
limited applications. These two variants introduce, with an
incremental yet limited increase of algorithmic complexity, a
restart and a learning mechanism. The simple structure of ISPO
is thus slightly altered in the attempt of improving upon its
original performance. The proposed methods, namely ISPO-
restart and VISPO, both proved superior with respect to the
original ISPO and showed a respectable performance compared
with popular state-of-the-art optimization algorithms such as
CLSPO and JADE. In particular the VISPO structure, which
employs a minimalistic learning strategy and a simple re-
sampling mechanism based on the binomial crossover used



TABLE 1.

TABLE II.

AVERAGE FITNESS - STANDARD DEVIATION AND WILCOXON RANK-SUM TEST (REFERENCE = VISPO) FOR VISPO AGAINST ISPO AND

ISPO-RESTART ON CEC2005[13] IN 30 DIMENSIONS.

VISPO ISPO ISPO-restart

f1 —4.50e + 02 £ 6.31e — 02 —4.50e +02+6.12e — 14 | = —4.50e + 02 £1.37e¢ — 13 =
f2 1.18e + 03 £ 2.05e + 03 —4.25e¢ + 02+ 1.28e + 01 —3.26e 4+ 02 4+ 3.08e + 01

f3 7.85e + 06 + 7.90e + 06 2.47e + 06 +1.13e + 06 - 3.16e + 06 + 1.86e + 06 -
fa 9.63e + 03 + 3.30e + 03 2.79¢ + 06 + 2.88¢ + 06 + 9.62¢ + 04 +2.31e + 04 +
fs 1.44e + 04 + 4.79e + 03 2.44e + 04 + 6.53¢ + 03 + 7.0le + 03 +1.85e + 03 -
fe 1.29e + 03 + 2.59e + 03 1.35e¢ + 03+ 1.93¢ + 03 = 2.56e + 03 £ 4.00e + 03 +
fz 4.50e + 10 + 1.85e 4+ 11 —1.80e + 02 + 1.25e — 02 - 1.15e + 07 +9.69e + 07 -
fs —1.19¢ + 02 £+ 1.04e — 01 —1.20e + 02 + 6.52e — 02 - —1.20e + 02 £ 7.61e — 02 -
fo —1.14e + 02 + 6.34e + 00 —9.12e¢ + 01 £ 1.24e 4+ 01 + —1.16e + 02 + 2.28e + 00 -
f1o 2.92e + 02 + 2.76e + 01 3.07e 4+ 02 £ 3.09¢ + 01 + 2.62e + 02 +2.63e + 01

f11 1.24e + 02 + 2.92e + 00 1.29¢ + 02+ 4.12¢ + 00 + 1.24e + 02+ 2.57¢ + 00 =
f12 6.22e + 04 + 6.29e + 04 1.28e + 05+ 1.38¢ + 05 + 4.23e +04+3.51e+ 04 | -
fis —1.27e + 02 + 4.85e — 01 —1.27e + 02 £ 5.72e — 01 + —1.26e + 02 £ 7.72e — 01 +
f1a —2.87e + 02 + 3.48¢ — 01 —2.85e + 02 £ 2.14e — 01 + —2.87e + 02 £ 3.81e — 01 +
fis 1.44e + 03 £+ 2.82e + 00 1.45e + 03 £ 5.22¢ 4 00 + 1.45e + 03 £1.78e 4 00 +
f1e 1.60e + 03 £ 1.80e + 01 1.62e + 03+ 3.60e + 01 + 1.56e + 03 £ 9.94e + 00 -
fiz 1.59e + 03 + 1.31e + 01 1.74e + 03 & 3.52e + 01 + 1.66e + 03 4+ 1.85e + 01 +
fis 9.10e + 02 + 1.14e — 10 9.10e + 02 +1.76e — 10 + 9.10e + 02 +4.77e¢ — 05 +
f19 9.10e + 02 + 9.02¢ — 11 9.10e 4+ 02 £9.76e — 11 + 9.10e 4 02 £ 4.60e — 05 +
f20 9.10e + 02 + 1.52e — 10 9.10e 4+ 02 £ 1.42¢ — 10 + 9.10e 4+ 02 £ 5.57e — 05 +
fo1 1.73e + 03 £ 1.25e¢ + 01 1.75e + 03+ 2.04e + 01 + 1.71le + 03 £ 8.97e + 00 -
S22 2.64e + 03 + 8.82e 4+ 01 3.02e 4+ 03 +1.79¢ 4 02 + 2.54e + 03 +6.71e + 01 -
fa3 1.70e + 03 + 6.58e + 00 1.75e + 03 £2.10e + 01 + 1.71e + 03 £ 7.46e + 00 +
foa 1.69e + 03 &+ 1.37e + 01 1.74e + 03 £ 1.31e + 01 + 1.71le + 03 £ 1.03e + 01 +
fas 1.80e + 03 £ 3.89¢ + 02 3.03e 4+ 04 +9.29¢ 4 04 + 1.71le + 03+ 2.18e + 02 | =

AVERAGE FITNESS 4+ STANDARD DEVIATION AND WILCOXON RANK-SUM TEST (REFERENCE = VISPO) FOR VISPO AGAINST ISPO AND

ISPO-RESTART ON BBOB2010[14] IN 100 DIMENSIONS.

VISPO ISPO ISPO-restart
fi 7.95e + 01 + 3.98e — 04 7.95e + 01 4+ 1.34e — 13 = 7.95e + 01 +£4.63e — 14 | =
f2 —2.10e + 02 + 6.25e¢ — 13 —2.10e +02+2.30e — 14 | = —2.10e + 02 £5.33¢ — 14 =
f3 —4.62e + 02 £+ 2.54e — 01 6.38¢ + 01 £ 1.12¢ + 02 + —2.26e + 00 £ 9.59¢ + 01 +
fa —4.61le + 02 £+ 8.19e — 01 2.49e 4 02 £ 1.60e + 02 + 1.46e + 02 4+ 1.22e + 02 +
fs —9.21e + 00 + 0.00e + 00 —9.21e 4 00 £ 0.00e + 00 = —9.21e 4+ 00 £ 0.00e + 00 =
fe 1.40e + 02 + 4.95e + 01 2.58e + 02 + 1.02¢e + 02 + 3.45e + 02 £ 1.37e + 02 +
f7 4.80e + 02 + 8.21e + 01 2.03e 4+ 03 £+ 5.20e + 02 + 1.92e + 03 £ 3.84¢ 4 02 +
fs 2.02e + 02 + 5.27e + 01 2.41le 4+ 02+ 5.11e + 01 + 3.57e + 02 £ 5.58¢ + 01 +
fo 2.36e + 02 £ 3.63e + 01 2.24e + 02+ 2.30e + 01 - 2.48e 4+ 02 £ 7.25e¢ + 01 +
fio 3.66e 4+ 04 + 8.76e + 03 3.13e + 04 +8.42e + 03 - 5.32e 4+ 04 £ 1.64e + 04 +
f11 6.16e + 02 + 4.08e + 02 1.20e + 03 £ 1.34e + 02 + 7.89e + 02 + 6.89¢ + 01 +
fi2 —6.11e + 02 + 1.60e + 01 —6.08e + 02 £2.07e + 01 = —5.69¢e + 02 £ 3.62¢ + 02 =
f13 3.29e + 01 + 4.88e + 00 3.31e 4+ 01 £ 3.79¢ + 00 = 3.38¢ 4+ 01 £5.72e + 00 =
f1a —5.23e + 01 + 2.85e — 04 —5.23e + 01 £5.54e — 04 + —5.23e + 01 £2.72e — 03 +
fis 2.43e + 03 + 3.42e + 02 8.24e + 03 £ 1.16e + 03 + 4.09e 4 03 £ 3.94¢ + 02 +
f1e 1.10e + 02 + 7.29e + 00 1.20e + 02 £ 7.73e 4+ 00 + 1.05e 4+ 02 4+ 3.64e + 00 -
fi7 —8.18e¢ + 00 + 1.46e + 00 2.56e + 01 £ 2.46e + 01 + —5.71le — 01 £2.85¢ + 00 +
fig 1.51e + 01 + 5.02e + 00 1.72e + 02 4+ 1.43e + 02 + 4.17e 4+ 01 £1.07e + 01 +
fi9 —8.42e + 01 + 1.26e + 01 1.54e + 01 +2.22¢ 4+ 01 + —6.21e + 01 £9.39¢ + 00 +
f20 —5.46e + 02 £+ 7.07e — 02 —5.45e 4+ 02 £ 8.56e — 02 + —5.45e + 02 £ 1.18¢ — 01 +
fo1 5.24e 4+ 01 £+ 1.38e 4 01 5.28e¢ 4+ 01 + 1.40e + 01 = 4.63e + 01 +4.63e + 00 -
f22 —9.80e + 02 + 1.58e + 01 —9.84e + 02 £ 1.18¢ + 01 - —9.95e 4+ 02 + 5.70e + 00 -
f2s3 9.77e + 00 £ 6.17e — 01 1.06e + 01 4 7.08e — 01 + 9.95e 4+ 00 £ 3.72¢ — 01 +
faa 1.42e + 03 + 2.04e + 02 3.7le 4+ 03 £ 3.63¢ + 02 + 2.74e 4+ 03 £ 2.33e + 02 +

in Differential Evolution, showed a generally superior per-
formance on a great variety of test problems combining the
CEC 2005, BBOB 2010 and CEC 2010 benchmarks, tested at
different dimensionalities.

Further studies are needed to develop the ideas introduced
in this work: on one hand, different re-sampling mechanisms
will be investigated; on the other, an effort will be put to
improve the learning strategy described here and develop a
mechanism which is able to estimate various features of the
landscape, thus adapting the algorithmic structure to them.
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TABLE V.

AVERAGE FITNESS &= STANDARD DEVIATION AND WILCOXON RANK-SUM TEST (REFERENCE = VISPO) FOR VISPO AGAINST

POPULATION-BASED ALGORITHMS ON BBOB2010[14] IN 100 DIMENSIONS.

VISPO CLPSO JADE
fi 7.95e + 01 + 3.98e — 04 7.95e + 01 +4.12e — 10 - 8.77e 4+ 01 £ 7.64e 4 00 +
fa —2.10e + 02 £ 6.25e¢ — 13 —2.10e 4+ 02 +£9.39¢ — 07 + 5.73e 4+ 04 £ 8.69¢ 4 04 +
fa —4.62e + 02 £ 2.54e — 01 —4.62e + 02 £ 4.45e¢ — 01 + —3.11e + 02 £ 4.95e 4 01 +
fa —4.61le + 02 £+ 8.19e — 01 —4.55e 4+ 02 £+ 1.50e 4 00 + —1.43e + 02 +9.83e 4 01 +
fs —9.21e + 00 + 0.00e + 00 2.58¢ + 02+ 1.17e + 01 + 1.24e 4 02+ 5.08¢ + 01 +
fe 1.40e + 02 + 4.95e + 01 4.25e 4+ 02 £2.65e 4 01 + 3.92e 4 02+ 1.18e 4 02 +
i 4.80e 4+ 02 £ 8.21e 4 01 2.25e 4+ 02+1.07e + 01 - 3.08e 4+ 02 £+ 6.50e 4 01 -
fs 2.02e + 02 £ 5.27e + 01 2.82e + 02 £ 3.53e 4 01 + 7.24e + 03 £6.15e + 03 +
fo 2.36e 4+ 02 £ 3.63e + 01 2.21e + 02 £ 5.45e — 01 - 1.78e + 03 £ 1.33e + 03 +
f1o 3.66e + 04 + 8.76e + 03 5.32e 4 05 £ 6.46e 4 04 + 1.94e + 05+ 8.87e + 04 +
fi1 6.16e 4+ 02 + 4.08e + 02 3.18¢ + 02+ 1.67e 4 01 - 2.11e + 02 +£2.76e + 01 -
fiz —6.11e + 02 £+ 1.60e + 01 —6.03e 4+ 02+ 5.15e + 00 + 2.22e + 07 £ 2.13e 4 07 +
fis 3.29e + 01 + 4.88e + 00 5.08e 4+ 01 £ 2.08e + 00 + 7.69e + 02 £ 2.46e + 02 +
f1a —5.23e + 01 £+ 2.85e — 04 —5.23e + 01 £2.77e — 03 + —4.65e 4 01 & 3.89e + 00 +
fis 2.43e + 03 £ 3.42e + 02 2.10e 4 03 £ 3.63e 4- 01 - 1.59e + 03 £8.67e + 01 -
fie 1.10e + 02 £ 7.29¢ + 00 9.53e + 01 + 2.04e + 00 1.01le 4+ 02 + 3.46e + 00 -
fi7 —8.18¢ 4+ 00 £ 1.46e + 00 —1.21e + 01 £2.96e — 01 —1.45e + 01+ 5.96e — 01 -
fis 1.51e + 01 £ 5.02e + 00 1.12e + 00 = 1.09¢e + 00 —8.79¢ + 00+ 2.11e + 00 -
f19 —8.42e¢ + 01 + 1.26e 4 01 —9.48e 4+ 01 £2.29¢ — 01 - —9.50e + 01 + 2.26e — 01 -
f20 —5.46e + 02 £+ 7.07e — 02 —b5.45e 4+ 02 £ 6.24e — 02 + —5.12e 4+ 02 £9.92¢ 4 01 +
f21 5.24e + 01 £ 1.38e + 01 4.17e + 01+ 1.21e 4 00 - 4.93e 4+ 01 £ 6.25¢e 4 00 =
fa2 —9.80e 4+ 02 £ 1.58e 4 01 —9.98e + 02+ 5.95e — 01 - —9.94e 4 02 £+ 6.66e 4 00 -
f23 9.77e +00 £ 6.17e — 01 1.03e + 01 +2.74e — 01 + 1.07e + 01 +3.78¢ — 01 +
foa 1.42e 4 03 £ 2.04e + 02 1.21e + 03 +4.50e 4 01 - 1.03e 4 03 + 4.44e 4 01 -
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POPULATION-BASED ALGORITHMS ON CEC2010[15] IN 1000 DIMENSIONS.
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